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Abstract—Text mining is a process of extracting information and patterns from textual data. It can be termed as the 
integration of Machine Learning, Data mining, Computational Linguistics and Statistical approaches to discern essential 
information from a heap of written data. Due to the rapid rise in data in the healthcare sector, text mining and Information 
Extraction (IE) has gained several applications in the past few years. Keyword extraction and other Natural Language 
Processing (NLP) techniques are used to infer relevant clinical information from biomedical texts despite the existing 
issues pertaining to the discovery of appropriate patterns from unstructured textual data. This research attempts to use text 
mining algorithms to recognize symptoms of common diseases from unstructured text presented by a patient. The focus of 
the paper lies in comparing Rapid Automatic keyword Extraction (RAKE) and TextRank Algorithms that can be used to 
implement keyword extraction particularly to extract symptoms. The significant results of the two models are finally used 
to evaluate their performances. 
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1.  INTRODUCTION 
 
In recent years bio-medical data has been increasing 
tremendously. The healthcare industry worldwide produces 
enormous amounts of data relating to patient conditions, 
diseases, symptoms and treatments in a single day than 
what could possibly be understood in a lifetime. Using 
Natural Language Processing a valuable portion of 
biomedical data can be filtered from a heap of dispensable 
information. Extracting data from clinical text helps in 
automated terminology management, data mining, de-
identification of clinical text, research subject identification 
and studying effect of research on them, predicting the 
onset and progress of various chronic diseases, disease-
treatment-side effect analysis, etc [1]. 
 
Symptom is a broad term used to elucidate clinical signs of 
a specific disease. Symptoms have been rarely studied for 
themselves within biomedical information extraction (IE) 
literature but are often included in more general categories 
such as ”clinical concepts”, ”medical problems” or 
”phenotypic information” [2]. Patients verbally describe 
symptoms that they are experiencing during the first 
consultation with a doctor. The doctor then begins to 
identify the signs that can be used to predict a most likely 
disease. This process can often become time-consuming, 
stagnant and wearisome. By considering the linguistic 
contexts of medical symptoms, the above stated procedure 
can be automated using machine learning and data mining 
techniques. Developing a text mining model that mines the 

symptoms from unstructured text provided by a patient 
would therefore serve as a valuable tool to further 
prognosticate diseases, hence making the task of a general 
physician easier. 
 
The goal of this paper is to compare two major algorithms 
that extract and summarize the potential factors, signs or 
symptoms from unstructured textual descriptions of 
patients. Finally, the extracted symptoms will be used as 
parameters for identifying a possible disease or disorder. 
The algorithms also serve the same purpose for extracting 
clinical data from lab reports, electronic biomedical records 
and patient discharge summaries. 
 
2.  EXISTING WORK 
 
While not much work has been particularly done to extract 
symptoms from a free text input, several other attempts 
have been made in biomedical information extraction. 
Contributions have been made largely in the field of 
genetics since large amount of genomic data is being 
generated by biomedical researchers. One such example of 
work focusing on recognition of gene and protein names 
using Named-Entity Recognition (NER) from free text is by 
Hansich and de Bruijn and coworkers. Hanisch et al. used a 
large dictionary of gene and protein names and 
semantically classified words that tend to appear in context 
with protein names, reporting a specificity of 95% and 
sensitivity of 90% [10]. Zhou et al. trained a hidden 
Markov model (HMM) on a set of features based on word 
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formation (ie capitalization), morphology (ie prefix and 
suffix), POS, semantic triggers (head nouns and verbs) and 
intra-document name aliases [11].  
 
Various researchers have proposed methods to extract 
essential phrases from clinical documents like drug 
prescriptions, patient diagnosis, pathology reports and other 
forms of clinical texts. Chen and Friedman have adapted 
the MEDLEE system to recognize phrases that correspond 
to phenotype information within biomedical text [12]. The 
model uses phenotypic patterns to recognize phrases 
containing specific words in biomedical journals, abstracts 
and reports. 
 
Creating clinical data warehouse by integrating the 
extracted information from medical texts is another 
prominent results in this field. The technique for 
information extraction is based on Conditional Random 
Fields and keyword matching with terminology-based 
disambiguation [13]. This is particularly useful for 
obtaining large amounts of data for epidemiology research. 
 
Using Natural Language Approach of Word2Vec and 
analyzing word frequency and similarity, efforts have been 
made to extract depression symptoms from internet sources 
like social networks and web blogs. The goal is to extract 
and summarize the uncommon but potentially helpful 
factors that depressive symptom performed from the social 
media data [14]. 
 
Ongoing research in automatic symptom extraction for 
diagnosis rare diseases has also yielded some fruitful 
results. A hybrid approach combining sequential pattern 
mining and Natural Language Processing techniques is 
followed in order to automate the discovery of symptoms 
from textual content [2]. The authors have developed a 
supervised approach to discover patterns and make relevant 
uses of the same. It follows an iterative stratagem which 
differs by and large from what our model intends. 
 
 
3.  METHODOLOGY 

 
The proposed model describes a portal which allows users 
to freely express their bodily discomforts in simple terms. 
The retrieved data is collected, cleaned and processed 
before applying the keyword extraction algorithm. ”Terms” 
and ”Scores” are obtained on implementing RAKE and/or 
TextRank algorithms. From the vast list of terms the top 
”T” terms are chosen if the list of keywords is vast. The 
relevant symptoms are recognized from the final set of 
keywords which later serve as a key parameter in disease 
prediction. 
 

 
 
Fig. 1.  Model framework 
 
A corpus of assorted patient descriptions is required as 
input. Individual records of patients have been taken as a 
single short-text document for analysis purpose. This paper 
focuses on keyword extraction which is an area of text 
mining that aims to identify the most informative words 
known as ”terms”, of the document. Along with keywords 
the model also extracts relevant key phrases since 
symptoms can occur both as a single word or a clause. The 
terms and phrases extracted from the algorithm are 
evaluated by the degree to which its classifications 
correspond to the human-generated classifications. 

 
Table 1: CONFUSION MATRIX FOR SYMPTOM 
CLASSIFICATION 
 
 Classified as a Classified as 
 Symptom by Not a Symptom 
 Human by Human 
Classified as a   

Symptom by a B 
the Model   
Classified as   

Not a Symptom c D 
by the Model   
 
A. Rapid Automatic Keyword Extraction (RAKE) 
Algorithm 
 
Rapid Automatic Keyword Extraction, RAKE is an 
unsupervised, language independent keyword extraction 
technique. RAKE is based on our observation that 
keywords frequently contain multiplewords but rarely 
contain standard punctuation or stop words, such as the 
functionwords and,the,andof, or other words with minimal 
lexical meaning [3]. From the list of manually generated 
keywords, only one of it contains a stopword. The input 
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parameter for RAKE is a stop list i.e. a list of stopwords, a 
set of word delimiters and a set of phrase delimiters. The 
list of stop words is static [4]. The RAKE Algorithm makes 
use of stop words to split the document into potential key 
phrases. Co-occurrences of words within these candidate 
keywords are meaningful and allow us to identify word co-
occurrence without the application of an arbitrarily sized 
sliding window [3]. The document text is parsed through 
the set of candidate keywords which is converted into an 
array for further processing. 
 
Adjustments in the RAKE algorithm are made in order to 
suffice the proposed symptom extractor. It broadly follows 
the steps stated below: 
 
Make a text file containing a list of Smart Stopwords. 
 
Initialize the RAKE object by feeding the path of the 
stopwords file. 
 
Call the corpus file from which the target words need to be 
extracted. 
Split the text in the given file based on sentences. 
 
Generate a list of candidate keywords and phrases using 
regular expressions. 
 
Calculate individual word scores 
 
Generate keyword scores for candidate keywords. 
 
Make a list of top-scoring keywords by sorting keywords 
based on their scores. 
 
The top T scoring candidates are selected as keywords The 
top keywords are glanced through to obtain symp- 
toms. 
 
For example: 
 
Input: I have had cold for three weeks. I think I have fever 
and I am feeling dizzy. 
 
Sentence: I have had cold for three weeks 
 
Sentence: I think I have fever and I am feeling dizzy 
 
Phrases: [’have’, ’had’, ’cold’, ’for’, ’three’, ’weeks’, 
’think’, ’have’, ’fever’, ’and’, ’am’, ’feeling’, ’dizzy’] 
 
Keywords & Scores: [(’feeling dizzy’, 4.0), (’cold’, 1.0), 
(’weeks’, 1.0), (’fever’, 1.0)] 
Symptoms: [’feeling dizzy’, ’cold’, ’fever’] 
B. TextRank Algorithm 
 
The TextRank Algorithm is a graph-based ranking 
algorithm that extracts keywords from a short text [6]. It is 
an unsupervised technique used for keyword extraction, 
which is famously inspired by the PageRank algorithm. In 

TextRank, a document is represented as a word graph 
according to adjacent words, then PageRank is used to 
measure the word importance in the document [5]. Each 
corpus contains a patients medical transcript is split into 
individual sentences. The corpus file is annotated with 
Parts-of-Speech (PoS) and tokenized. Words are filtered on 
the basis of nouns and adjectives. They are then appended 
to vertices of the graph. Any relation that can be defined 
between two lexical units is a potentially useful connection 
(edge) that can be added between two such vertices [6]. 
Between words that co-occur, a edge or node is added. Co-
occurrence links express relations between syntactic 
elements, and similar to the semantic links found useful for 
the task of word sense disambiguation [7]. Then, a 
TextRank vertices ranking algorithm is executed. The 
vertices which contain words are ranked based on scores. 
Further, the top T are extracted, thus making them the 
required keywords. From the list of keywords we recognize 
the required symptoms. 
 
The TextRank algorithm is regulated in order to serve the 
proposed symptom extractor. 
 
The text file is pre-processed to eliminate funny charac-ters 
and convert the file object to a string. 
Using the nltk package in python the string is tokenized and 
POS Tags are enumerated. 
 
The following step is known as lemmatization. Lemmati-
zation is an essential element of text mining as it the first 
stage where generic keywords are extracted. It is similar to 
word stemming but it does not require to produce a stem of 
the word but to replace the suffix of a word, appearing in 
free text, with a (typically) different word suffix to get the 
normalized word form [8]. Adjective tags and noun tags are 
defined and text tokens are obtained with respective POS 
tags. 
 
A list of stopwords is created. The pre-processed text is 
scanned for the explicit stopwords and any matches made 
are discarded from the text. 
 
A vocabulary list is generated and the graph model is built. 
The vertices are assigned to the tokenized text and a 
weighted summation of connections of every vertex is 
calculated. All vertices are allocated scores based on the 
calculated weights. 
 
Candidate keyphrases are generated. Unique phrases are 
identified and thinned to compose the final list of key-
words. 
 
Lastly the keywords are ranked in order of primacy. 
 
For example: 
 
Input: I have had cold for three weeks. I think I have fever 
and I am feeling dizzy. 
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Tokenized Text with POS tags: 
(’i’, ’NN’), (’have’, ’VBP’), (’had’, ’VBN’), (’col d’, 
’VBN’), (’for’, ’IN’), (’three’, ’CD’), (’weeks’, ’ NNS’), 
(’,’, ’,’), (’i’, ’JJ’), (’think’, ’VBP’), (’i’, ’N NS’), (’have’, 
’VBP’), (’fever’, ’VBN’), (’and’, ’CC’), (’i’, ’JJ’ ), (’am’, 
’VBP’), 
(’feeling’, ’VBG’), (’dizzy’, ’NN’), (’.’, ’.’) 
 
Lemmatized text with POS tags: 
(’i’, ’NN’), (’have’, ’VBP’), (’had’, ’VBN’), (’col d’, 
’VBN’), (’for’, ’IN’), (’three’, ’CD’), (’week’, ’N N’), (’,’, 
’,’), (’i’, ’JJ’), (’think’, ’VBP’), (’i’, ’NNS’), (’have’, 
’VBP’), (’fever’, ’VBN’), (’and’, ’CC’), (’i’, ’JJ’ ), (’am’, 
’VBP’), (’feeling’, ’VBG’), (’dizzy’, ’NN’), (’.’, ’.’) 
 
week’, ’feeling’, ’dizzy’ 
 
[’dizzy’, ’feeling’, ’week’] 
 
Score of dizzy: 0.15 
 
Score of feeling: 0.15 
 
Score of week: 0.15 
 
Candidate Keyphrases: 
[’week’ 
, [’feeling’, ’dizzy’]] 
 
Keywords & Scores: [(’week’, 0.15), (’feeling dizzy’,0.30)] 
 
Symptoms: [’feeling dizzy’] 
 

 
4.  RESULTS AND DISCUSSIONS 

 
 
A. Dataset 
 
The data source is a compiled textual data file that is used 
for mining clinical terms from a paragraph. It is a 
combination of textual forms of consensual voice 
recordings of patients describing their symptoms collected 
manually. A part of the data is also derived from blogs and 
videos that describe doctor-patient conversations. The 
entire corpus contains a total of 821 words. It has been 
separated into 27 unique text corpus files, each representing 
a single patient’s contribution. 
 
B. Comparative result analysis 
 
RAKE and TextRank keyword extraction algorithms were 
applied on the same set of corpus data using python. The 
following outputs have been generated: 
 
 
 
 

Table II: MODEL METRICS FOR RAKE AND 
TEXTRANK 
 

Algorithm Values 
 

Measure RAKE TextRank
Accuracy 0.7698 0.8207
Error Rate 0.2302 0.1793
Precision 0.3815 0.4234
Recall 0.8800 0.7436
F1 Score 0.5323 0.5395

 
 
The table given above (table I) shows the 5 main metrics 
that are used to evaluate a model’s effectiveness- 
 
Accuracy is the fraction of the predicted symptoms that the 
model inferred correctly [9]. It is seen that TextRank 
Algorithm shows a performance accuracy of 82% whereas 
the RAKE Algorithm is about 77% accurate. This shows 
that TextRank would successfully predict 82 symptoms out 
of a text consisting of 100 symptoms and RAKE would 
predict 77. 
 
On the other hand, the Error rate denotes the 
misclassification error i.e. the fraction of not predicted 
symptoms that to the total predicted and not predicted 
significant cases. In our case the probability of making an 
incorrect prediction is about 23% and 17% for RAKE and 
TextRank respectively. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 2.  Bar graph depicting algorithm accuracy for RAKE 
and TextRank 
 
To check how many of the predicted keywords are actually 
symptoms we can make use of the precision metrics. From 
the table shown above we can make a note that TextRank 
serves a better purpose for predicting symptoms correctly 
than RAKE Algorithm. We can note that both the 
algorithms have a rather low precision value. Sometime real 
theme or data mislay its importance due to the modification 
in the text sequence [15]. Integration of domain knowledge 
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is an important area as it performs specific operations on 
specified corpus and attain desired outcomes [16]. Due to 
this constrain in biomedical text mining, the precision 
values are relatively low. 
 
Another important metric to evaluate is Recall. It stands for 
the number of actual positives that the algorithm can detect 
through labelling it as a positive result. Both the algorithms 
under study have a high recall value. This states that the 
algorithms have returned most of the relevant symptoms 
than those that were irrelevant. 
 
A combined function of both, precision and recall is known 
as the F1 score. Mathematically, it is the harmonic mean of 
precision and recall. As compared to accuracy, F1 Score 
makes a good measure of comparison for our model as 
there is a large number of actual negatives, i.e. the 
probability that a keyword is not a symptom and is not 
extracted. Due to this uneven distribution among the class, 
F1 score seeks a perfect balance between the precision and 
recall and hence, serves as a stronger evaluation metric for 
keyword extraction in this scenario. The F1 Score for 
TextRank is 54% and that for RAKE is 53%. Both F1 
scores indicate that the model is better than random. It still 
leaves scope for improvement as the values are just above 
50%. 
 
Table III: STATISTICAL METRICS FOR RAKE AND 
TEXTRANK 

Algorithm Values 
 

Measure RAKE TextRank
Sensitivity 0.8800 0.7436
Specificity 0.7506 0.8333
Positive Predictive Value 0.3815 0.4236
Negative Predictive Value 0.9728 0.9518

 
In the table given above (table II) we statistically compare 
metrics for RAKE and TextRank algorithms. Sensitivity is 
most cases serves as a synonym for recall. Specificity is the 
proportion of actual negatives which were predicted as 
negatives. Our model serves as a roughly desired one as it 
shows high sensitivity. 
 
Similarly, Positive Predictive Value (PPV) and Negative 
Predictive Value (NPV) are by and large influenced by the 
presence of a symptom in a corpus document that is being 
tested. Positive Predictive Value is called the precision in 
Information Retrieval (IE). Negative Predicative Value is 
the proportions of negative results in diagnosis. The PPV 
for TextRank and RAKE is rather truncated which show 
that false positive cases may influence the positive results. 
An extremely high negative value of 97% and 95% for the 
two algorithms show that the procedures are successfully 
not extracting words that are not biomedically defined as 
symptoms. 

 
 

Table IV: STATISTICAL SIGNIFICANCE FOR RAKE 
AND TEXTRANK 
 

Algorithm Values 
 

Measure RAKE TextRank
False Positive Rate 0.2494 0.1667
False Discovery Rate 0.6185 0.5766
False Negative Rate 0.1200 0.2564

 
The table given above (table III) is used to describe the 
statistical significance of the two algorithms. False Positive 
Rate (FPR) is the proportion of keywords that are not 
symptoms but are identified as symptoms. FPR for RAKE 
is 25% and for TextRank is 17%. This shows that Textrank 
tends to make fewer errors in terms of classifying a 
keyword as a symptom. Collectively, the two algorithms 
have a low FPR which indicates that both considerably do 
the job of extracting symptoms appropriately. 
 
False Discovery Rate (FDR) is the proportion of keywords 
identified as a symptom which are not real biomedical 
symptoms. The FDR for RAKE is 61% and that for 
TextRank is 57%. This stipulates that the two models show 
middling results in successfully extracting only the actual 
symptoms from the free text. 
 
False Negative Rate (FNR) is the proportion of keywords 
which are not identified as symptoms regardless of actually 
being the required symptoms. FNR of RAKE is only 12% 
and that of TextRank is 14% greater than that of RAKE i.e. 
26%. In this case RAKE proves to fit better than TextRank. 
 
Table V: EXECUTION TIME FOR RAKE AND 
TEXTRANK 

 
 
From table IV, the execution time taken by TextRank is 
1/50th of the time taken by RAKE. Therefore, TextRank is 
not only a better algorithm in terms of performance but also 
outshines RAKE in speedy execution. 
 
 
5. CONCLUSION 

 
Data mining tools are used to extract and analyze required 
information from unstructured texts efficiently. Biomedical 
Information Extraction is a popular upcoming research area 
in the healthcare industry which provides vital statistics and 
number for forecasting future trends, predicting 
forthcoming mediocrities, categorizing documents in data 
warehouses and automating pre-existing human-run 
systems. This paper intro-duces a brief comparison between 
the language-independent RAKE algorithm and the graph-



 
International Journal of Research in Advent Technology, Special Issue, March 2019 

E-ISSN: 2321-9637 
Available online at www.ijrat.org 

 

69 

 

based TextRank algorithm to detect clinical symptoms from 
an amorphous text. On close inspection and analysis, it was 
found that TextRank works better when the symptoms to be 
extracted are keyphrases and RAKE works better to extract 
symptoms that are keywords. The accuracy of RAKE is 
77% whereas that of TextRank is 82%. Consequently, the 
results found using TextRank (Tex-tRank being a better 
choice of algorithm among the two) are further used to 
predict diseases from a multimodal database of diseases and 
its corresponding symptoms.The advantage of the graph-
based method represented by TextRank is to consider the 
semantic relation between the word and the word in the 
document. On successful implementation of the same, an 
entire model would be generated that virtually impersonates 
the work of a general physician. In future research work, 
we aim to focus on improvising our algorithm by 
combining RAKE and TextRank to yield more accurate 
results. 
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